ABSTRACT
INTRODUCTION
Source number estimation from measured signals is a fundamental problem in statistical signal processing, especially for source separation-based condition monitoring and fault diagnosis. In the past decade, many researchers focused on the source number estimation problems [1] [2] [3] [4] . Most of these works are based on the eigenvalue decomposition and information theoretic criteria, such as Akaike information criterion (AIC), minimum description length (MDL), and Bayesian information criterion (BIC). However, AIC generally suffers from high computational load and performs well only in the presence of spatially and temporally white noise [5] . The MDL method also suffers from the computational problem [6] [7] [8] . If the sampling length is too large, BIC will overflow in calculation. Furthermore, all the information theoretic criteria-based methods have been rarely applied to estimate the source number of mechanical vibration signals.
Recently, blind source separation (BSS) especially the independent component analysis (ICA) became powerful tools to separate mixed signals under the condition that the mixing mode and the sources are unknown. Many engineering applications have benefited from this technique such as biomedical signal processing [9] , communication systems [10] , vibration signal processing [11] , image processing [12] , and so on. However, it is still challenging for ICA to effectively separate the mixed signals into desired components if the source number is not predetermined. In this paper, we investigate a novel approach that estimates the source number based on ICA and clustering evaluation method, and then discuss the performances of different dissimilarity measures.
The mixed signals can be separated into several components using ICA. This step is repeatedly executed for several times with different selections of initialization parameters of ICA which consider different statistical properties of sources, and thus the mixed signals are separated into distinct independent components by ICA algorithm in the different calculation. These separated components are clustered (or classified) through their similarity or dissimilarity defined by J. Himberg's work [13] . In this study we use four dissimilarity measures, and make a comparative study. Finally, a clustering index which can reveal the optimal cluster number is constructed to determine the optimal source number.
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In this paper, we focus on the performances of ICA-based source number estimation method with different dissimilarity measures in processing mechanical vibration signals. Four different dissimilarity measures are comparatively studied according to linearly and nonlinearly mixed vibration signals. This study can be applied to determine the source number for source separation-based machinery condition monitoring and fault diagnosis.
ICA-BASED SOURCE NUMBER ESTIMATION
Consider I n suggests the best partition. Therefore, the optimal number of source signals n * can be determined as ( ) R I n reaches the minimum value. In this study, R-index is used to determine the optimal source number for an ICA-based source number estimation with following steps: 1. Generate the independent components (ICs) for several times by a traditional ICA method such as the fast fixed point algorithm [15] [16] [17] whose calculating framework is illustrated in Figure 1 . Here, F is a nonlinear function, and f is a derivative of F . 
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Then, the dissimilarity coefficient ij d between these two signals can be defined by several different definitions: 1
The relationships between similarity and dissimilarity are shown in Figure 2 : Equation (6) is a traditional way to balance both similarity and dissimilarity, and they change linearly. Equation (7) and Equation (8) have the asymmetrical tendency as the similarity increases. Equation (9) shows that the dissimilarity decreases relatively small as the similarity increases. The performances of all the four dissimilarity measures on source number estimation are comparatively studied with typical mechanical vibration signals. 
Figure 2 Relationships between similarity and dissimilarity
In general, mechanical vibration signals from machining processes or mechanical systems are nonlinearly mixed and measured in various sensors. In addition, these measured signals are mostly coupled with the structural noises as the vibration signals transmit through the structure of equipment. Therefore, the similarity ij ρ between mechanical signals is normally very small (usually it is less than 0.6) [18] [19] [20] , which causes the separated components are not compact within the clusters and thus provides not reliable results in source estimation. In this paper, we investigate the effects of different dissimilarity measures in clustering step of the ICA-based source number estimation, and discuss their performances on dealing with mechanical vibration signals.
NUMERICAL CASE STUDIES
Due to the nonlinear coupling mode of mechanical systems and effects of noises, the source number are difficult to be estimated just from the mixed signals normally measured from machinery shell, which makes it a challenging work to further separate sources from measured signals for condition monitoring and fault diagnosis. To validate the effectiveness of our method for mechanical systems, in this section, typical mechanical vibration signals are numerically generated and regarded as the source signals, and the source number is estimated based on the mixed signals composed of these sources through either linear composition or nonlinear mixing.
The The mixed signals are separated into several components (from 2 components to 6 components), and the adequacy of the separated source number is evaluated using the different dissimilarity definitions in terms of the R index. Figure 5 shows that the source number is no more than 4 which is because the ICA algorithm performs perfect for the linearly mixing case, and the algorithm stops separating as the separated components are well independent from each other. Comparing with these four different dissimilarity measures, the R indices decrease very fast from 2 to 4 and obtain the minimum values at 4. All the four methods correctly indicate the source number as the R indices all obtain the minimum values at 4, which is consistent with the actual source number 4. Furthermore, the R index values of
has a larger differences as the source number increases in this specific problem, which is beneficial to find the minimum R index and correctly evaluate the source number. As a result, 4 separated components via ICA are displayed in Figure 6 to reveal that source signals are well reconstructed from the linearly mixed signals. 
Source number estimation for the nonlinearly mixed signals
In this section, six mixed signals are generated by the four sources with nonlinear mixing mode, shown in Equation (11) . The mixing mode is intentionally set to make the source number difficult to be estimated, which can assist to test the performances of different dissimilarity measures on the source number estimation. The waveforms of the mixed signals are plotted in Figure 7 . 
The source number is estimated by the ICA-based source number estimation method, and four dissimilarity measures are also applied to evaluate the optimal cluster number (i.e., the source number). The results by different dissimilarity measures are shown in Figure 8 . Comparing all the R indices, we can observe that the R indices decrease when the mixed signals are separated to 2, 3, or 4 clusters. When the mixed signals are separated into 4, 5, or 6 clusters, the R indices are not changing dramatically. From these observations, we can conclude that 4 is the most adequate source number for this case from the definition of R-index. Furthermore, the R index by 2 1 d ρ = − provides the most correct estimation on the number of source signals in this specific problem since it gives even larger R index values as the estimated source number is deviating from the actual value of 4. The waveforms of separated components when the source number is 4 are displayed in Figure 9 . From the waveform information of Figure 9 , we can see these 4 separated components can well reveal the source information, which also validates 4 is an optimal partition number from the mixed signals. 
CONCLUSIONS
In this study, we investigate the dissimilarity measures of an ICA-based source number estimation to statistically and accurately estimate the source number from the given mixed signals without a prior knowledge of source number. We benchmark four dissimilarity measures and make a comparative study of their performances on both linearly mixed signals and nonlinearly mixed signals. Typical mechanical vibration signals are constructed to numerically test performances of different dissimilarity measures, and the results have shown that the combination of all the 4 dissimilarity measures-based source number estimation methods can correctly estimate the source number from both linearly and nonlinearly mixed signals. The correct estimation of the source number can facilitate to better reconstruct original signals so that we can use this result for source separation-based condition monitoring and fault diagnosis.
